A climatology of wetlands has been derived at a low spatial resolution (0.258 3 0.258 equal-area grid) over a 15-yr period by combining visible and near-infrared satellite observations and passive and active microwaves. The objective of this study is to develop a downscaling technique able to retrieve wetland estimations at a higher spatial resolution (about 500 m). The proposed method uses an image-processing technique applied to synthetic aperture radar (SAR) information about the low and high wetland season. This method is tested over the densely vegetated basin of the Amazon. The downscaling results are satisfactory since they respect the spatial hydrological features of the SAR data and the temporal evolution of the low-resolution wetland estimates. A new long-term and high-resolution wetland dataset has been generated for 1993-2007 for the Amazon basin. This dataset represents a new and unprecedented source of information for climate and land surface modeling of the Amazon and for the definition of future hydrology-oriented satellite missions such as Surface Water and Ocean Topography (SWOT).
Introduction
Terrestrial surface water is a key parameter of the global water and biogeochemical cycles and plays an important role in the climate system and its variability. It is also crucial for terrestrial life and the human environment as a resource for water consumption, agriculture, and industry. Furthermore, natural disasters of hydrological origin regularly affect human activities and infrastructures with large economic losses during waterrelated extreme events such as floods or droughts. However, the knowledge of the global distribution and dynamics of this resource remains limited. First, a global survey is extremely challenging because of the large range of spatial scales of individual water bodies (hundreds of square meters to over 100 000 km 2 ) with significant temporal variability at daily to seasonal time scales. Second, surface freshwater measurements are still limited mostly to sparse in situ networks of gauges, the number of which has dramatically decreased during the last two decades, especially in remote areas. Finally, despite the advent of satellite remote sensing techniques for hydrologic investigations over the last 20 years, frequent accurate high-resolution characterization of the temporal and spatial variation of surface water is beyond the capabilities of current satellite methods (Alsdorf et al. 2007 ). Two future missions will address this data gap: Soil Moisture Active Passive (SMAP; smap.jpl. nasa.gov), planned for launch in 2014 by the National Aeronautics and Space Administration (NASA) (Das et al. 2011) , and Surface Water and Ocean Topography (SWOT; swot.jpl.nasa.gov), planned for launch in 2019 by the Centre National d'É tudes Spatiales (CNES) and NASA (Alsdorf et al. 2007; Rodriguez 2012) . SMAP is designed for soil moisture measurement, yet its 1-3-km resolution synthetic aperture radar (SAR), 40-km-resolution L-band (1.4 GHz) radiometry, and 3-day revisit period make it an excellent candidate for providing inundation maps more frequently than other SARs and at a higher resolution than other radiometers. SWOT is being designed specifically for surface water area and storage change measurement, and it will have as a standard product a mask of water bodies greater than 250 3 250 m 2 and rivers of width greater than 100 m, with average revisit time around 11 days for low latitudes (shorter for higher latitudes). SWOT's principle instrument is a Ka-band radar interferometer (KaRIN) with 50-70-m postings that will provide high-resolution maps as well as water height for rivers, lakes, inundated areas, and wetlands.
A global inundation extent from multisatellite (GIEMS) dataset of monthly inundation and surface water dynamics at about 25 3 25 km 2 resolution has been produced by a multisensor analysis covering 1993-2007 (Prigent et al. 2001 (Prigent et al. , 2007 Papa et al. 2010; Prigent et al. 2012) . This is the only dataset we are aware of that can provide surface water extent (flooded fraction) with comparable resolution and revisit period over such a long time period. The dataset was produced from analysis of multisatellite passive and active microwaves and visible and near-infrared observations, as described in section 2a. At about 25 km, the GIEMS dataset resolution is comparable to climate model and some global land surface model grids but is clearly not adequate for local applications that require resolution of individual water bodies, wetland extent, and floodplains. Furthermore, subgrid-scale land surface or climate model parameterizations may include other land surface cover types (e.g., vegetation, snow, and permafrost) and topography that might be combined with surface water to form composite types with unique model behaviors. For example, a model may include the fractional coverage of woody and herbaceous vegetation types drawn from a higher-resolution map. When surface water area changes, the type and area of inundated vegetation and the length of time that inundation occurs can affect processes such as biogenic gas flux, land-air exchange of heat and moisture, radiation balance, and vegetation health (Aragã o et al. 2007; Lewis et al. 2011; Marengo et al. 2008; Zeng et al. 2008) .
General principles of upscaling (i.e., aggregation) or downscaling (i.e., disaggregation) have been developed to link one scale to another, but the definition of such general terms is sometimes confusing. In this study, ''downscaling'' refers simply to a technique that increases the spatial resolution of the original data of a particular field, with the same variable in both scales. Most of the downscaling techniques have been developed for meteorological fields (Storch et al. 1993; Maraun et al. 2007; Pryor et al. 2005; Coulibaly et al. 2005; Schmith 2008 ). This type of approach cannot easily be applied to the problem of the wetland downscaling because high-resolution maps from SAR observations are binary (i.e., wetland presence or not). Physical downscaling techniques, often called ''regionalization,'' use a dynamical atmospheric model to interpolate meteorological fields: this type of method cannot be applied on surface parameters like wetland maps. Therefore, there is a strong need for innovative downscaling methods based on statistics. Geostatistics could be used on this type of binary data, but a simple image-processing technique is preferred here.
In this paper, an innovative downscaling approach based on image processing applicable to the GIEMS dataset is proposed. The method uses a statistical technique with coincident data from the low-resolution flooded fraction dataset and higher-resolution (500 m) SAR of low-and high-water conditions.
In section 2, the low-and high-resolution inundation datasets used in this study are presented. The downscaling methodology is described in section 3. Results are stated in section 4. Finally, conclusions and perspectives are discussed in section 5.
Databases

a. Wetlands from a multiwavelength algorithm
The first component of our analysis is a global, multiyear dataset of inundation/surface water dynamics quantifying the monthly variations of the surface water extent at about 25 3 25 km 2 resolution, derived from multiple satellite observations. The complete methodology is described in detail in Prigent et al. (2001 Prigent et al. ( , 2007 , Papa et al. (2010) , and Prigent et al. (2012) . It is summarized here. The algorithm uses a complementary suite of satellite observations covering a large wavelength range. Combining different observations helps disentangle the effects of the various surface characteristics contributing to the measured signals (i.e., vegetation, surface roughness, and soil texture). The following observations are available at a global scale:
d Visible and near-infrared reflectances and the derived normalized difference vegetation index (NDVI) from the Advanced Very High Resolution Radiometer (AVHRR).
d Passive microwave emissivities from 19 to 85 GHz. They are estimated from the Special Sensor Microwave Imager (SSM/I) observations by removing the contributions of the atmosphere (water vapor, clouds, and rain) and the modulation by the surface temperature ). The technique uses ancillary data from the International Satellite Cloud Climatology Project (ISCCP; Rossow and Schiffer 1999) and the National Center for Environment Prediction (NCEP) reanalysis (Kalnay et al. 1996) .
d Active microwave observations (backscattering) at 5.25 GHz from the European Remote Sensing Satellite (ERS) scatterometer.
Observations are averaged over each month and are mapped to an equal-area grid of 0.258 3 0.258 resolution at the equator (about 25-km interval; each pixel equals 773 km 2 ) (Prigent et al. 2001 ). An unsupervised classification of the three sources of satellite data is performed, and the pixels with satellite signatures likely related to inundation are retained. For each inundated pixel, the monthly fractional coverage by open water is obtained using the passive microwave signal and a linear mixture model with end-members calibrated with scatterometer observations to account for the effects of vegetation cover (Prigent et al. 2001) . As the microwave measurements are also sensitive to snow cover, snow and ice masks are used to edit the results and avoid any confusion with snow-covered pixels (Armstrong and Brodzik 2005) . Because the ERS scatterometer encountered serious technical problems after 2000, the processing scheme had to be adapted to extend the dataset. Among various investigated options, using a mean monthly climatology of ERS and AVHRR NDVI observations in the methodology gives consistent results (Papa et al. 2010) .
Fifteen years of global monthly water surface data from 1993-2007 are already available (180 months) ). This dataset is unique not only in its content (surface extent of open water) but also in terms of its domain (global), high temporal sampling (monthly), and multiyear coverage (almost two decades).
This dataset has been intensively evaluated at the global scale (Prigent et al. 2007; Papa et al. 2010 ) and for specific regions, including the Amazon basin (Papa et al. 2008b; Frappart et al. 2008 Frappart et al. , 2011 . It is intensively used for climatic and hydrological analyses, such as the evaluation of methane surface emission models (Ringeval et al. 2010) or the validation of river flooding schemes in land surface models (Decharme et al. 2008 (Decharme et al. , 2011 .
b. SAR data
Despite their lack of temporal coverage, many studies (e.g., Lewis 1998) have successfully used synthetic aperture radar sensors to map inundation and wetland vegetation with high spatial resolution (Rosenqvist et al. 2000) . One comprehensive study of flooding in the Amazon basin for low-water (September-October 1995) and high-water (May-June 1996) conditions is that of Hess et al. (2003) , where wetland extent was mapped for the central Amazon region using L-band SAR imagery acquired by the Japanese Earth Resources Satellite 1. For the wetland area extending 188 in longitude by 88 in latitude of the central Amazon region, dual-season radar mosaics were used to map inundation extent and vegetation at 92.6-m resolution. As described in detail in Hess et al. (2003) , polygonbased segmentation and clustering were used to delineate wetland extent with an accuracy of 95% along with a pixel-based classifier to map wetland vegetation and flooding state based on backscattering coefficients of two-season class combinations, producing the first high-resolution wetlands map for the region. These SAR inundation results are highly dependent on the thresholds that are used by nature in any classification technique [see Hess et al. (2003) for more details]. In this study, we will use the Hess et al. (2003) dataset as a reference for the downscaling.
The original SAR spatial resolution is very high, and there is little justification to downscale 25-km boxes to such small pixels. As a consequence, and for practical reasons, it has been decided to slightly degrade this spatial resolution by grouping 5 3 5 original pixels into bigger 463-m pixels. The new SAR data are kept binary: if more than half of the 5 3 5 original pixels are inundated, the new pixel is considered to be inundated; otherwise, it is considered to be water-free. The maximum area for the new SAR pixels is A 5 0.463 3 0.463 km 2 . Figure 1 represents the minimal (top panel) and maximal (middle panel) water extent provided by the SAR. This image is originally binary: it indicates if a pixel is inundated (white) or not (black). However, the figure is represented in this paper with a limited spatial resolution, and intermediate colors (gray pixels) can be observed. In the bottom panel of Fig. 1 , the minimal inundated pixels are represented in black, and the red pixels indicate the pixels that are included in the maximal but not included in the minimal estimates. These red pixels will be used by the following downscaling algorithm to ''oscillate'' between the minimal and maximal SAR inundation. Again, the limited resolution of Fig. 1 introduces some blurring of the original figure.
Methodology
Most statistical downscaling techniques require coincident low-and high-resolution datasets used to calibrate a model that will perform the transformation from one space to the other. In this study, the high-resolution SAR estimates will be used (section 2b). Only a few snapshots are available per location, usually the highand low-wetland extents. Thus, the statistical technique proposed in this paper needs to be adapted to this particular situation with very limited time information in the high-resolution scale.
The methodology first estimates the number of highresolution pixels that are needed in each low-resolution box (this is the goal of sections 3b and 3c). This information is based on the GIEMS low-resolution dataset. Then, an image-processing approach is used to choose the high-resolution pixels that need to be switched to inundation inside the low-resolution boxes (sections 3d and 3e). the black pixels represent HR min and the red pixels represent HR max 2 HR min (i.e., the pixels that can be inundated by the downscaling process).
a. Notation
GIEMS low-resolution data (LR)
Let LR(i, j, t) 1 be the inundated area for box (i, j) and for month 1 # t # 180 provided by the GIEMS low-resolution dataset of section 2a. LR(i, j, t) includes real values oscillating between 0 and 773 km 2 (i.e., the maximum area for a GIEMS low-resolution box). Figures 2a and 2b represent the minimal and maximal values computed on each low-resolution pixel of the GIEMS dataset for the Amazon basin. SAR high-resolution data (HR) HR min (k, l) and HR max (k, l) represent the minimum and maximum matrices of the inundation information provided by the SAR (section 2b). In this paper, 1 , k , 1920 and 1 , l , 4320. These two matrices are binary: a value of zero is for the absence of inundation and a value of one is for an inundated pixel. Figures 2c and 2d represent the minimal and maximal matrices HR min and HR max . Downscaled data (D)
The goal of this study is to obtain a downscaled dataset D(k, l, t) of the same spatial dimension as HR min and HR max , with spatial features from the SAR, but with an additional time dimension 1 # t # 180 (T 5 180 months) information from the GIEMS dataset. Linkage (L)
Let L(i, j) 5 [(k, l), such that (k, l) 2 (i, j)] be the list of pixels of the HR grid that are included in the lowresolution box (i, j). In general, each 0.258 3 0.258 low-resolution box from GIEMS includes 60 3 60 5 3600 high-resolution pixels from the SAR. With this list of pixels, it is possible to compare the inundated area LR(i, j, t) of the low-resolution dataset with its HR equivalent:
where A 5 0.463 3 0.463 km 2 is the area of the lowresolution SAR pixels. These LR/HR comparisons will be used in the following to define the number of inundated high-resolution pixels that need to be included in each low-resolution box. For comparison, the SAR estimates are projected onto the 0.258 3 0.258 equal-area grid (773 km 2 ). The spatial structures of the inundation are very similar. However, with its much better spatial resolution, the SAR can more accurately estimate small areas that are flooded during generally dry conditions or small dry areas during generally flooded conditions, whereas the lower-resolution observations may miss such small fractional coverage (Prigent et al. 2007) .
It is important to note that, by downscaling the GIEMS data to the SAR resolution, we not only add finer spatial structures to the GIEMS data but also introduce a bias in the total water extent area since the new downscaled inundated areas will oscillate between HR min and HR max .
b. Basin-scale area normalization
Let us first consider the surface low-resolution (SLR) inundated area of the GIEMS dataset for month t:
The goal is to downscale LR into D so that, for each box (i, j), the range of variability of D[L(i, j)] is equal to the range of variability of HR[L(i, j)], with a temporal behavior driven by the GIEMS dataset. For this purpose, we first define the ''total'' low-resolution ratio of surfaces in the low-resolution grid, for each month t:
(1) where T stands for ''total'' and m covers the 180 months. Then, the target number of inundated pixels in D[L(i, j)] for each low-resolution box (i, j) and month t is given:
If there is no variability in the LR dataset, then Ratio T(t) 5 0 and Nb(i, j, t) is simply equal to å (k,l)2L(i,j) HR min (k, l) . This corresponds to a situation where the low resolution from the GIEMS dataset is not providing any information, so the choice is to set the downscaled dataset D to the minimal value provided by the SAR. Furthermore, if there is no difference between HR min and HR max for a particular box (i, j), then, again, Nb(i, j, t)
is simply equal to å (k,l)2L(i,j) HR min (k, l) . This corresponds to the case where the SAR is not providing any temporal information.
It should be clear that, in this methodology, the basic hypothesis is that SAR provides the minimal (lowinundation season in 1994) and maximal (high-inundation season in 1996) states of the inundation at the basin level (here) or at the pixel level (next section). Figure 8 will actually show that GIEMS minimal and maximal values are for 1997 and 2002, respectively. This time resolution limitation has a direct impact on the estimates that will give about 70 000 instead of 90 000 km 2 for the low-inundation state and 185 000 instead of 195 000 km 2 for the high-inundation state. These errors directly impact the downscaled estimates following a similar ratio. It should be noted, however, that if more temporal information on the high resolution was available (more than two SAR images, as would be the case using MODIS information on high-resolution wetlands in some less cloudy basins), then the estimation of these low-and high-inundation states would be directly improved.
c. Low-resolution box-area normalization
In this second approach, the surface area normalization is performed for each low-resolution box instead of being done, as in the previous section, at the Amazon basin scale. If the GIEMS dataset has noisy inundatedarea boxes because of uncertainties (from the retrieval method or from the input datasets), then the geographical patterns of the downscaled dataset D will inherit these uncertainties. However, if it is believed that spatial information is valuable in the GIEMS dataset, the box-area normalization will allow for keeping this spatial information in the downscaled dataset D.
The goal is to downscale LR into D so that, for each box (i, j), the range of variability of å (k,l)2L(i,j) D(k, l) is equal to the range of the high-resolution å (k,l)2L(i,j) HR min (k, l) and å (k,l)2L(i,j) HR max (k, l). For this purpose, the ratio of surfaces that is necessary for each month t at box (i, j) is defined as
We then define a new target number of inundated pixels with Eq.
(2) but using normalization coefficient Ratio (i, j, t) instead of Ratio T(t). In Fig. 3 , the box-area normalization is illustrated for a given low-resolution box from the GIEMS dataset.
The area of HR min and HR max SAR data is indicated with horizontal lines at about 170 and 245 km 2 . The GIEMS low-resolution estimate is represented by the black continuous line. It can be seen that it is often equal to zero, illustrating that the GIEMS data have difficulties in retrieving low-inundation values. The downscaling with the box-area normalization introduces a bias and a normalization of the GIEMS estimates so that its minimal and maximal values equal HR min and HR max , respectively.
d. Neighborhood system
The downscaling procedure proposed in this study is based on an image-processing technique. First, several pixel configurations are listed. The choice of increasing or not the inundation for each one of these pixel configurations is made based on a priori completion probabilities. The list of these pixel configurations and their associated completion probabilities define a neighborhood system. 2 For the downscaling algorithm to be well adapted to the application, it is important to use a neighborhood system adapted to the Amazon basin. Therefore, the first step is to analyze the inundation neighborhood system in this region by 1) identifying a list of pertinent pixel configurations and 2) estimating their associated a priori completion probabilities.
Sixteen pixel configurations have been selected for this particular application (Fig. 4) . In these pixel configurations, the black pixels are inundated, the white pixels are water-free, and the question is whether or not to switch the gray pixels from no inundation to inundation. These pixel configurations have been chosen to foster the completion of lines associated to horizontal, vertical, or diagonal hydrological structures.
There are two types of information that this approach wants to exploit. First is the proximity of inundated pixels: a pixel that is surrounded by inundated pixels is more likely to become inundated. Second, some spatial features can increase the probability of being inundated. Since water flows from one pixel to another, lines are important for this application. Other applications would require different neighborhood systems (e.g., geometric squares would be emphasized for urban images).
Once these pixel configurations are identified, the estimation of P(p 5 1 j C 5 c), the a priori completion probabilities of central pixel p being inundated given configuration c, is done using statistics performed on both HR min and HR max . For this purpose, every pixel in HR min and HR max is examined to check if it is in one or more of the 16 pixel configurations. The total number of situations is estimated for each one of the 16 pixel configurations. For each one of the 16 configurations, the number of situations where the central gray pixel p is inundated is also kept. The ratio of latter and former numbers provides an estimation of P(p 5 1 j C 5 c) 5 Sit with C 5 c knowing that p 5 1/Sit with C 5 c (where Sit is the number of situations). Table 1 represents the results that were obtained in the Amazon basin. It can be seen that the orientation of the water structures is rather symmetrical since no direction seems to be dominant. It can also be noted that configurations c 5 13 or 16, with three noninundated pixels, have lower completion probabilities than configurations c 5 1, 2, 3, or 4. More generally, the completion probability decreases with the number of noninundated pixels inside the hydrological structure, which is a natural behavior.
The 16 pixel configurations and associated a priori completion probabilities constitute the neighborhood system. More sophisticated neighborhood systems could be defined and used, with, for example, more extended pixel configurations. However, it is interesting to show that the proposed downscaling algorithm is satisfactory and that robust results can be obtained with such a simple neighborhood system.
e. Downscaling
By using the basin-scale area or the low-resolution box-area normalizations, it is possible to obtain the target number Nb(i, j, t) of high-resolution pixels in D that needs to be inundated in each low-resolution box (i, j). This number oscillates between å (k,l)2L(i,j)
The downscaling algorithm starts with D 5 HR min . Then, for each low-resolution box (i, j), a list L 2 (i, j) of highresolution pixels is created. This list is included in L(i, j), but only high-resolution pixels present in HR max and not present in HR min are considered (red pixels in Fig. 1) .
For each noninundated pixel p in L 2 (i, j), a criterion is computed:
where 1 fBg is the indicator function (i.e., equal to 1 when B is true and 0 otherwise). This criterion sums the completion a priori probabilities for all the pixel configurations C that apply. The higher Crit(p) is, the stronger the probability for pixel p to be equal to one (inundated). The iterative procedure first inundates the pixels p in L 2 (i, j) with higher Crit(p), then it inundates the pixels with decreasing Crit(p) until å (k,l)2L(i,j) D(k, l, t) equals Nb(i, j, t).
Since all of the 16 pixel configurations are used together to decide if the gray pixel is switched or not, it is clear that a gray pixel completely surrounded by inundation will have large probabilities to become inundated. For example, in Fig. 5 , the criterion of Eq. (4) is provided for a long hydrological horizontal line interrupted by a dry central pixel (structure A), a single dry pixel surrounded by inundated neighbors (structure B), and a thicker horizontal line (structure C). For structure A, Crit(p) 5 P 2 1 P 5 1 P 6 1 P 7 5 3.337, where P i 5 P(p 5 1 j C 5 i) (probability values are given in Table 1 ). For structure B, Crit(p) 5 P 1 1 P 2 1 P 3 1 P 4 5 3.351, and for structure C, Crit(p) 5 P 1 1 P 2 1 P 3 1 P 4 1 P 6 5 4.173. Therefore, dry pixels in configuration C will be inundated by the downscaling process first, followed the pixels in configuration B and then A. TABLE 1. A priori completion probabilities P( p 5 1 j C 5 c) of pixel p being inundated given a pixel configuration c around it (for c defined in Fig. 4 ). These probabilities have been estimated on HR min and HR max SAR data. 5. (a) -(c) Integration of the pixel configurations (Fig. 4) into more complex pixel structures. The quality criterion of Eq. (4) is provided for the three samples.
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Results
a. Spatial maps
The downscaling process is illustrated in one lowresolution box in Fig. 6 . The limited resolution of the figure introduces some blurring of the original binary figure. Figures 6a and 6c correspond to the HR min and HR max from the SAR data. Figure 6b is the downscaling when a ratio of 0.7 [Eq. (1) for the basin-scale normalization or Eq. (3) for the pixel normalization] is applied to the downscaling process. Figures 6a and 6c correspond to a ratio of 0 and 1. The behavior of the downscaling at the box level is identical for both normalization strategies. It can be seen that the hydrological lines in the box are being completed toward HR max . The larger structures at the top left and bottom left of the panels are also increasing.
As explained in the methodology sections, the downscaling process acts on the red pixels of the bottom panel of Fig. 1 . This is a strong constraint; it supposes that the inundation occurs in the same locations and that the two available SAR snapshots are describing well the low-and high-inundation states of the Amazon basin. If a satisfactory neighboring system was available, or, even better, if some other a priori information such as the topography or the routing information was available (Galantowicz 2002) , then this constraint could be attenuated or even suppressed. The HR max information provides the a priori information that is required for the downscaling. It should be noted that, if more SAR data were available, this a priori information would be more precise. For example, the minimal and maximal values for each box would be more reliable with more than two SAR snapshots.
The downscaling of the Amazon basin is represented in Fig. 7 for two months (January and July 2007). The blue pixels are inundated only for the pixel normalization, the red pixels are inundated only for the basin normalization, and the black pixels are inundated for both of them. Again, the limited resolution of the figure introduces some blurring of the original binary figure. It is difficult to measure the differences between the two normalization techniques at this scale, but the pixel normalization is definitely using different ratios [Eq.
(3)] for each box. Contrary to the basin-scale normalization, for the boxarea normalization the inundation increase is not uniform over the whole Amazon basin, and some river tributaries are more inundated than others. The blue pixels from the pixel normalization are located more in the highly inundated boxes where it is known that GIEMS has more information (underestimation of lowfraction inundated boxes by GIEMS). In July, the blue pixels seem to be more localized in the right portion of the map. This means that the geographic repartition of the inundation in the GIEMS dataset is in good agreement with the pixel normalization. Figure 8 compares the total inundation area of the Amazon basin for the three different estimates: the lowresolution estimate from the GIEMS dataset (gray continuous line), the downscaled estimate when using the basin-scale normalization (dashed black line), and the downscaled estimate when using the pixel normalization (black continuous line). By definition, the two downscaled estimates oscillate between the SAR-derived total inundation of HR min and HR max indicated by the two horizontal lines in Fig. 8 .
b. Time series
These three time series have a very similar time evolution with good agreement in the seasonal and interannual variations. The seasonality is very coherent for both downscaled estimates. The correlation between the GIEMS estimates is equal to 0.999 with the basin normalization downscaled estimate and 0.989 with the pixel normalization estimate (both highly significant for a sample of 180 months). Furthermore, the two downscaled estimates are correlated at the 0.988 level. This shows that the downscaling process does not modify the time evolution of the low-resolution estimate. This is very important, as it confirms that the downscaling technique acts with the appropriate time behavior provided by the low resolution. However, one can notice differences between the basin and pixel normalization estimates. The basin normalization provides a downscaled inundation area equal to the estimates of HR min and HR max when it reaches its minimum (in 1997) and its maximum (in 2002) . The downscaling procedure reproduces well the behavior that was asked for in its design (section 3b). For the pixel normalization, the SAR minimal and maximal values are never reached. This would happen only if the minimal or maximal values of the low-resolution GIEMS estimates were reached for the same month for each box, but this is not the case.
c. Evaluation using independent observations
To evaluate the seasonal and interannual variations of the downscaled surface water extent, we compare here the pixel normalization results with related hydrological variables, namely, in situ river discharges along reaches of the Amazon River. For the period 1993-2007, in situ discharge observations at four locations (see details in Table 2 ) and overlapping in time with the wetland extent estimates are available from the Environmental Research Observatory (ORE) Geodynamical, Hydrological, and Biogeochemical Control of Erosion/Alteration and Material Transport in the Amazon Basin (HYBAM) project (http://www.ore-hybam.org). The GIEMS dataset has already been similarly evaluated at several locations worldwide (Papa et al. , 2008b , including the Amazon watershed (Papa et al. 2010) . Note that these in situ data are entirely independent from our estimates. Figure 9 compares the downscaled surface water extent (black curve) and the in situ river discharge (red) for each location. The total wetland extent is estimated on a 0.258 3 0.258 region centered on the in situ station locations.
For all of the locations, both variables show good agreement in the strong seasonal cycle (Fig. 9, left panels) . The right panels of Fig. 9 show good correspondence in interannual variations: large anomalous events are generally well reproduced in both datasets. The correlation coefficients between the time series are summarized in Table 2 . Over 15 years, the maximum correlations between the two monthly variables are relatively high (180 months is used to calculate the linear correlation coefficient, giving for each location a high significance with p value , 0.01). For instance, for Labrea and Manacupuru, the discharge and the surface water extent agree well in the seasonal cycle with a maximum lagged correlation of 0.82 and 0.81 (with the extent preceding the discharge by one month for Manacupuru). However, the lagged correlations between the deseasonalized anomalies are lower, with values at 0.35 and 0.59, but are still significant (p , 0.01). For Fazenda, the in situ discharge and the surface water extent agree well in the seasonal cycle (R 5 0.68) but show some limited agreement in the interannual variability with a maximum correlation of only 0.14. Indeed, even if wetland extent and river discharge are closely related, the inundation characteristics depend also on other factors, including the distribution and intensity of local or upstream precipitation, as well as on the land surface properties such as local topography.
Conclusions and perspectives
In this paper, a long-term (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) monthly dataset of a high-resolution (about 500 m) inundation dataset has been built for the Amazon basin. It results from the downscaling of a multi-instrument estimation of wetland extent ) using low-and highinundation information from SAR observations. Evaluation of the downscaled products was conducted first by comparison with the original datasets: the spatial features are very similar to the patterns in the SAR data, and the time evolution of the downscaled dataset is very close to the original low-resolution dataset. As a consequence, the downscaling procedure behaves exactly as expected. Furthermore, the downscaled inundation is highly correlated with the river discharge, that is, the information is totally independent from the satellite observations used for the downscaling. 2. Location of stations and maximum time-lagged correlations during 1993-2007 between the downscaled wetland extent and corresponding in situ river discharge. Correlation 1 is the correlation between the raw time series (Fig. 8, left) , and correlation 2 is for the interannual (deseasonalized normalized anomalies) time series (Fig. 8, right) . Time lag in months to obtain the maximum correlation is in parentheses. For all locations, the total downscaled surface water extent is estimated over a region of 0.258 3 0.258 centered in the in situ discharge station locations.
Station
Latitude The perspectives of this work are numerous. First, as commented earlier, a more sophisticated neighboring system could be used. For this purpose, a thorough study would need to be done on HR min and HR max to determine the essential configurations characterizing the hydrological structures under consideration. Furthermore, if more information on the Amazon basin was available (more SAR data), then this could significantly improve the quality of the results. It would also be possible to introduce topography information in the downscaling. For example, in Galantowicz (2002) , routing information is used. This type of information could be used in our neighboring system. Both types of information (image-processing constraints and routing information) would be used simultaneously, and the downscaling would benefit from the synergy of these two complementary approaches.
The downscaling methodology developed in this study can also be used to bridge the gap between climate model or global land surface model (LSM) scales (e.g., 0.258-18) and local hydrological models and data. For instance, Decharme et al. (2008) coupled an LSM-in which a 18 flooded fraction is defined-with a river routing model that introduces a flood reservoir, and they demonstrated effects of standing water knowledge on land surface water and energy budgets. Downscaling methods similar to those developed here could be applied to low-resolution model outputs to obtain inundation patterns compatible with model states.
Several applications can be suggested for the downscaled dataset:
1) The downscaled dataset can be used in studies of surface water variation with spatial resolution (about 500 m) compatible with local hydrologic applications such as flood event and seasonal inundation mapping.
2) The downscaled inundation dataset can be readily aggregated to climate model or LSM scales for comparisons of model outputs to observations at equivalent scales. 3) Two efforts are now underway to combine the lowresolution multisensor dataset with altimeter data to assess terrestrial water storage change (Papa et al. 2008b; Frappart et al. 2012 ) and river discharge (Papa et al. 2008a) . These methodologies could also be applied to the downscaled inundation products to study more localized conditions. 4) Land surface biogenic gas (e.g., methane) emission modeling depends on inundation duration, vegetation type, and other spatially distributed factors (Altor and Mitsch 2006; Bousquet et al. 2006) . Downscaled inundation maps can be used in flux models to determine the time and place of inundation and distribute surface type conditions accordingly within a lower-resolution model grid.
Furthermore, this new downscaled high-spatialresolution information on the wetland dynamics will be compatible with the SWOT spatial resolution. As a consequence, our high-resolution climatology will allow the analysis of the SWOT mission and the optimization of its instrumental characteristics. The new high-resolution wetland climatology will also help define the calibration/validation sites and will serve as a benchmark for the future SMAP and SWOT missions. The new downscaled dataset ties the future SMAP and SWOT missions to a more than two-decade record of similar inundation extent data, allowing the analysis of interannual variability and change.
